Descriptions of soil hydraulic properties, such as soil moisture retention curve, θ(h), and saturated hydraulic 10 conductivities, Ks, are a prerequisite for hydrological models. Since the measurement of Ks is expensive, it is frequently derived 11 from pedotransfer functions. Because it is usually more difficult to describe Ks than θ(h) from pedotransfer functions, Pollacco 12 et al. (2013) developed a physical unimodal model to compute Ks solely from hydraulic parameters derived from the Kosugi 13 θ(h). This unimodal Ks model, which is based on a unimodal Kosugi soil pore-size distribution, was developed by combining 14 the approach of Hagen-Poiseuille with Darcy's law and by introducing three tortuosity parameters. We report here on (1) the 15 suitability of the Pollacco unimodal Ks model to predict Ks for a range of New Zealand soils, and (2) further adaptations to this 16 model to adapt it to dual-porosity structured soils for soils having aggregates by computing the soil water flux through a 17 continuous function of an improved bimodal pore-size distribution. The improved bimodal Ks model was tested with a New 18 Zealand data set derived from historical measurements of Ks and θ(h) for a range of soils derived from sandstone and siltstone. 19
variability is also expected to increase as the sampling diameter decreases because small cores provide an unrealistic 76 representation of the abundance and connectivity of macropores (McKenzie and Cresswell, 2002; Anderson and Bouma, 1973) . 77 McKenzie and Cresswell (2002) suggest that the standard Australian laboratory measurements should use cores with minimum 78 diameter of 25 cm and 20 cm length. In New Zealand, Ks has been obtained by using small cores, commonly with 10 cm 79 diameter and 7.5 cm length. This has contributed to very high variability in measured Ks . 80
The objectives of this research were to: 81  test the suitability of the unimodal Pollacco et al. (2013) Ks model to predict Ks from New Zealand soils, 82  develop a Ks bimodal model that makes predictions in structured soils solely from hydraulic parameters derived from 83 the Kosugi θ(h), 84  derive the uncertainties of the predictions of the Ks bimodal model, 85
 provide recommendations on the critical data sets that are required to improve the S-map database in New Zealand. 86 2 Background 87
Kosugi unimodal water retention and unsaturated hydraulic conductivity curve 88
There are a number of closed-form unimodal expressions in the literature that compute the soil moisture retention curve (h) 89 and the unsaturated hydraulic conductivity K(θ) curves, such as the commonly used van Genuchten (1980) and Brooks and 90 Corey (1964) curves. We selected the physically based Kosugi (1996) closed-form unimodal log-normal function expression 91 of θ(h) and K(θ) because its parameters are theoretically sound and relate to the soil pore-size distribution (Hayashi et al., 92 2009 ). Soils have a large variation in pore radius, r, which follows a log-normal probability density function. The unimodal 93
Kosugi log-normal probability density function of pore radius (r) is often written in the following form: 94
(1) 95 where r and s [cm 3 cm -3 ] are the residual and saturated water contents, rm [cm] is the median pore radius and  [-] The Young-Laplace capillary equation relates the soil-pore radius, r, to the equivalent matric suction head, h (cm), at 106 which the pore is filled or drained (i.e., r = Y/h, where Y = 0.149 cm 2 ). Kosugi where Ks (cm day -1 ) is the saturated hydraulic conductivity. 114 115 θs is computed from the total porosity, , which is deduced from bulk density (b) and soil particle density (p) as follows:
(5) 117
Due to air entrapment, θs seldom reaches saturation of the total pore space ϕ (Carrick et al., 2011) . Therefore, to take into 118 account the fact that not all pores are connected, we perform the following correction of ϕ with α in the range [0.9, 1]: 119 (6) 120
It is accepted that α = 0.95 (Rogowski, 1971; Pollacco et al., 2013; Haverkamp et al., 2005; Leij et al., 2005) , but in this study 121 the optimal α was found to be 0.98, since using a value of 0.95 resulted in several soil samples with  (measured at 5 kPa) 122 greater than θs, which is not physically plausible. This was due to the inaccuracy of measuring ϕ (discussed in Sect. 4.1). 123
The feasible range of the Kosugi hydraulic parameters is summarized in 
Pollacco unimodal saturated hydraulic conductivity model 130
The saturated hydraulic conductivity model, Ks_uni (Pollacco et al., 2013) computes Ks from the Kosugi parameters s, r,  131 and hm (or rm). Ks_uni is based on the pore-size distribution (Eq. (1)) and the tortuosity of the pores. Ks_uni was derived by 132 adopting the method of Childs and Collisgeorge (1950) and modelling the soil water flux through a continuous function of 133 Kosugi (1996) pore-size distribution. This was performed by combining the Hagen-Poiseuille equation (Anon, 1993) where for water at 20°C, density of water ρw = 0.998 g cm -3 , acceleration due to gravity g = 980.66 cm s -2 , dynamic viscosity 139 of water η = 0.0102 g cm -1 s -1 and C is a constant equal to 1.03663 × 10 9 cm day -1 . 140
141
Integrating with Se instead of r avoids the complication of finding the minimum and maximum value of r. 
and rm = Y/ hm (Young-Laplace capillary equation) 146 where1, 2, 3 are tortuosity parameters [0-1).
147
If tortuosity were not included (1, 2, 3 = 0), the pore-size distribution model would mimic the permeability of a bundle 148 of straight capillary tubes. Vervoort and Cattle (2003) state: "In reality soils are much more complex, with twisted and crooked 149 pores, dead-ending or connecting to other pores. This means that there is a need to scale the permeability from the capillary 150 tube model to include increased path length due to crookedness of the path (tortuosity) or lack of connection between points 151 in the soil (connectivity)". Soils that are poorly connected and have highly crooked pathways theoretically have 1, 2, 3  0.9.
152
Further explanation of tortuosity is provided in Borgesen et al. (2006) showed that structured soils have both matrix (inter-aggregate) pore spaces and macropore (intra-162 aggregate) pore spaces. Thus, when the pores are initially saturated (r > Rmac) or (h < Hmac), the flow is considered macropore 163 flow, and when the soil is desaturated (r < Rmac) or (h > Hmac), the flow is considered matrix flow, as shown in Fig. 1 . Rmac is 164 the theoretical pore size r that delimits macropore and matrix flow and Hmac is the theoretical pressure that delimits macropore 165 and matrix flow. To model bimodal pore-size distribution Durner (1994) where θs, hm_mac and σ_mac are, respectively, the saturated water content, the median pore radius and the standard deviation of 170 ln(h) of the macropore domain, θr, hm and σ are parameters of the matrix domain, and W is a constant in the range [0,1). 171 
Modified Romano bimodal water retention curve 177
We propose a modified version of bim_rom(h) (Eq. (9)) that does not use the empirical parameter W. Our modified function, 178 bim(h), is plotted in Fig. 1 and is computed as:
where θs_mac is the saturated water content that theoretically differentiates macropore and matrix domains. 184
185
The shape of bim(h) is identical to that of bim_rom(h), but the advantage of bim(h) is that it uses the physical parameter 186 θs_mac instead of the empirical parameter W, and θs_mac (≤s) is more easily parameterized than W particularly when there is no 187 available data in the macropore domain. When we do not have data in the macropore domain, θs_mac is determined by fitting 188 the hydraulic parameters θs_mac, θr, hm, σ of θbim_mat(h) (Eq. (10b)) solely in the matrix range (r < Rmac or h > Hmac) Fig. 1 shows 189 that Rmac and θs_mac delimit the matrix and the macropore domains and that rm of the Kosugi model is the inflection point of 
Novel bimodal saturated hydraulic conductivity model 196
Using θbim(h), we propose a new bimodal Ks_bim that is derived following Ks_uni (Eq. (7)) but for which we add a macropore 197 domain: 198
where rmacropore is r ≥ Rmac and rmatrix is r < Rmac. 202
The rmatrix of Eq. 
In Eq. (14b), rm_mac is replaced by Y/hm_mac and rm is replaced by Y/ hm. Note that the bimodal Ks model requires that the flow 213 in the macropore domain obeys the Buckingham-Darcy law. Therefore, this model's performance may be restricted in cases 214 of non-Darcy flow, such as non-laminar and turbulent flow, which may occur in large macropores. 215
216
In this study _mac is not derived from measured (h) because measured data in the macropore domain are not always 217 available, and so it will be treated as a fitting parameter. As discussed above, s_mac, r,  and hm are optimized with uni(h) 218 measurement points only in the matrix range (r < Rmac or h > Hmac), which means that θs is not included in the observation data. 219
In summary, Ks_bim requires optimization of the parameters 1, 2, 3, and 1_mac, 2_mac, 3_mac and hm_mac, _mac (if no data are 220 available in the macropore domain). The theoretically feasible range of the parameters of Ks_bim is shown in Table 3 . 221 222 One of the limitations of the New Zealand data set is that it has no (h) data points in the macropore domain. The closest 225 data point near saturation is (h = 50 cm), which is in the matrix pore space. Carrick et al. (2010) found that Hmac ranges from 226 5 to 15 cm, with an average Hmac = 10 cm, which corresponds to a circular pore radius of Rmac = 0.0149 cm (e.g. Jarvis, 2007; 227 Jarvis and Messing, 1995; Messing and Jarvis, 1993) . Therefore, to reduce the number of optimized parameters we make the 228 following assumption: 229
where Pm_mac is a fitting parameter greater than 1. We found the fitted value of Pm_mac was 2.0, however this fitted parameter 231 was very broadly determined. The cause might be that we are optimizing σ_mac and therefore hm_mac and σ_mac might be linked. 232
Linked parameters (Pollacco et al., 2008a (Pollacco et al., , 2008b (Pollacco et al., , 2009 ) means that there is an infinite combination of sets of linked parameters 233 hm_mac and σ_mac which produces values of objective function close to that obtained with the optimal parameter set and for 234 which there exists a continuous relationship between hm_mac and σ_mac. Further research needs to determine if having more data 235 in the macropore domain would reduce the cause of non-uniqueness. To illustrate hm_mac, the equivalent rm_mac point is shown 236 in Fig. 1 , where rm_mac is the inflection point of the macropore domain. Fig. 1 also shows that the matrix and the macropore 237 domains meet at Rmac (Hmac). 238 4 Methods 239
Measurement of physical soil properties 240
The soil data used in this study were sourced from two data sets. In the first data set (Canterbury Regional Study; Table  241 4) soils were derived from eight soils series on the post-glacial and glacial alluvial fan surfaces of the Canterbury Plains (Webb 242 et al., 2000) . The soils varied from shallow, well-drained silt loam soils to deep, poorly drained clay loam soils. The second 243 data set was derived from the Soil Water Assessment and Measurement Programme to physically characterize key soils 244 throughout New Zealand in the 1980s. Soils selected from this data set are listed by region in Table 4 and were selected from 245 soils formed from sediments derived from indurated sandstone rocks, because this is the most common parent material for 246 soils in New Zealand and has a reasonably representative number of soils analysed for physical properties. 247 248
The cores for particle size analysis and measurement of θ(h) had diameters which ranges from 5.5 cm to 10 cm diameter 249 and having height which varied from 5 to 6 cm. The 5, 10 kPa measurements of the θ(h) were derived using the suction table 250 method as per Dane and Topp, (2002) following the NZ Soil Bureau laboratory method (Gradwell, 1972) . For the 20 to 1500 251 kPa of the θ(h) were measured using pressure plate method as per Dane and Topp, (2002) , following the NZ Soil Bureau 252 method (Gradwell, 1972) . The laboratory analysis for particle size followed Gradwell (1972) . 253
254
The total porosity, , described in Eq. (5) contains uncertainties from the measurement methods, where  is derived from 255 separate measurements of particle density and bulk density, rather than being directly measured. The uncertainty in  256 measurements appeared to have reduced the demonstrated benefits of using Ks_bim instead of Ks_uni, which strongly relies on 257  α -θs_mac and may have caused the optimal α to be 0.98 and not the commonly accepted value of 0.95 (Rogowski, 1971 ; Note that the Ks observations in the topsoils have greater variability than in the subsoil layers (Fig. 2) . This is because 283 topsoils are more disturbed by anthropogenic disturbance and biological activity. Therefore, the topsoils also have a greater 284 abundance of macropores, and therefore are more prone to error when the sampling is performed with a small core size that 285 does not contain a representative volume of the macropore network. The parameterization of the model was performed in two consecutive steps: 291 1. Optimization of θs_mac, θr, hm and σ of the unimodal Kosugi bim_mat(h) (Eq. (10b)) was performed by matching 292 observed and simulated (h) in the range h < Hmac (as discussed, θs is not included in the observation data since we 293 did not have data in the macropore domain). The feasible ranges of the Kosugi parameters are described in Table 1 . 294 2. Optimization of the 1 , 2 , 3 of the Ks_uni model (Eq. (8)) and 1_mac , 2_mac , 3_mac , _mac parameters of the Ks_bim 295 models (Eq. (14) ), where the physical feasible ranges of the tortuosity parameters are described in Table 3 . 296
The inverse modelling was performed in MATLAB using AMALGAM, which is a robust global optimization algorithm 297 predict Ks for New Zealand soils experiencing large uncertainties, as shown in Fig. 2; (2) improvements made by stratifying 328 the data with texture and topsoil/subsoil; and (3) enhancements made by using the bimodal Ks_bim instead of the unimodal 329
Ks_uni. 330 331 5.1 Improvement made by stratifying with texture and topsoil/subsoil 332 It was expected that stratifying with texture and topsoil/subsoil (layers) should improve the predictions of Ks to only a 333 modest degree. This is because Ks_bim and Ks_uni are physically based models that are based on pore-size distribution, and 334 therefore stratifying with soil texture or topsoil/subsoil are not likely to provide extra information. For instance, Arya and Paris 335 (1981) showed that there is a strong relationship between pore-size distribution and the particle-size distribution and therefore 336 adding soil texture information should not improve the model. 337
338 Table 5. please put table here   339   340 As expected, no significant improvements were made by stratifying with soil texture compared with a model that groups 341 all texture classes (loam and clay) and layers (topsoil and subsoil) (overall improvement of 3%) (Table 5 ). However, a 342 significant improvement was made by stratifying by layer (topsoil and subsoil) (overall improvement of 23%), and therefore 343 the remaining results are presented by stratifying by layer. These results are obtained because topsoils have higher macropores 344 and a smaller tortuous path than that in subsoil, as demonstrated by τ1_top > τ1_sub or T1_top < T1_sub, τ2_top > τ2_sub , τ3_top > τ3_sub 345 (Table 6 ). It is important to note that tortuosity decreases as τ becomes closer to 1. 346 347 Figure 3 shows an acceptable fit between Ks_bim and Ks_obs (RMSElog10 = 0.450 cm day -1 ), recognizing that the 351 observations contain large uncertainties since the measurements were taken by using small cores (Sect. 4.1). The overall 352 improvement made by using Ks_bim is somewhat modest (5% for all soils). As expected, the reasonable improvement is greater 353 for topsoil containing higher macroporosity (12% improvement) than for subsoil (4% improvement) (Table 6 ). This is because 354 topsoil has higher macropore θmac (θs-θs_mac) ( Table 7) caused by earthworm channels, fissures, roots and tillage than subsoil. 355
The RMSElog10 of Ks_uni for subsoil is 0.47 cm day -1 ( The reason Ks_bim shows smaller-than-expected improvements compared to Ks_uni requires further investigation and testing 361 with a data set containing fewer uncertainties. One plausible explanation is that Ks_bim is highly sensitive to θs, computed from 362 total porosity ϕ (Eq. (6)), which had inherent measurement uncertainties (Sect 
Optimal tortuosity parameters 368
The optimal tortuosity parameters of Ks_bim and Ks_uni (Table 6) show that the optimal parameters are within the physically 369 feasible limits, except for 3_mac of the subsoil, which are greater than 3. This is understandable because Pollacco et al. (2013) 370 found 3 not to be a very sensitive parameter. As expected, T1_mac is smaller than T1 (1_mac > 1), which suggests that the 371 tortuosity parameters have a physical meaning. 372
373
The estimated value of the unimodal T1 parameter Ks_uni derived from the UNSODA and HYPRES data sets (T1 = 0.1) (Pollacco 374 et al., 2013) is very different from the value estimated in this present study (T1 = 6.5). Cichota et al. (2013) also reported that 375
PTFs developed in Europe and the USA were not applicable to New Zealand. The reasons why these PTFs are not directly 376 applicable to New Zealand require further investigation. 377 378
Uncertainty of the bimodal saturated hydraulic conductivity model predictions 379
The practical application of the bimodal saturated hydraulic conductivity model, Ks_bim, to New Zealand soils requires a 380 model for the uncertainty of the resultant predictions, since it is then possible to attach a value for the uncertainty of future 381 predictions of Ks. In a conventional parametric statistical model, the uncertainty model follows from the structure of the fitting 382 model itself. In the present work, Ks is estimated using an inverse model and this has no associated functional uncertainty 383 model. For this reason, the uncertainty is derived empirically by fitting a relationship between the transformed residuals of the 384 model (the log-transformed measured Ks minus the log-transformed estimated Ks) as a function of the log-transformed 385 estimated Ks. Although the uncertainty model could be derived from all the soils in the study, this process results in a pooled 386 estimate for uncertainty (e.g., aggregated root mean square error). However, it has been observed that topsoils and subsoils 387 have different uncertainty behaviour for the estimated Ks, so it is desirable to include an indicator variable to determine whether 388 the soil is a topsoil or not. In explicit form, 389 log 10 − log 10 = 1 + 0 + (21) 390 where 0 and 1 are fitting constants, is an indicator variable specifying whether the soil is a topsoil (value 1), or a 391 subsoil (value 0), and is the uncertainty distribution. The distribution of the uncertainty could take a number of forms, 392 but there is no obvious choice, except that one might expect the distribution central measure to be unbiased. To avoid an 393 explicit distribution assumption, we fitted a conditional quantile model (Koenker, 2005) for the transformed residuals, based 394 on the quantile, where = 0.5 corresponds to the conditional median, and = 0.025 and = 0.975 correspond 395 respectively to the 2.5% and 97.5% quantiles, and thus together describe the 95% containment interval of the residuals. 396
The conditional quantile model Eq. (21) was fitted using = 0.5, 0.025 and 0.975 (Table 8 ). The results suggest a 397 strong dependence of the scale of the residuals on whether the soil is a topsoil or not, but the size of the 95% residual 398 containment interval is not dependent on the simulated Ks. Notably, the confidence interval for the fitted median ( = 0.5) 399 quantile model suggests that the uncertainty distribution median is unbiased; thus predictions from Ks_bim show no propensity 400 for bias, which is a desirable result. 401 402 Another way to illustrate the uncertainty model is to plot the observed log 10 _ against the estimated log _ , 405 with the fitted median, lower and upper 95% quantile lines, as shown in Fig. 4 . The width of the 95% containment interval for 406 the residuals is narrower (i.e., the predictions appear to be more accurate) for topsoils. The quantile estimates for the conditional 407 median of both topsoil and subsoil are also shown in Fig. 4 , with the shaded region showing the 95% confidence interval of 408 the median estimate. The shaded region covers the one-to-one line in Fig. 4, and A key outcome of this research will be to provide direction for future field studies to quantify soil water movement attributes 415 of New Zealand soils, and to prioritise which measurements will have the greatest value to reduce the uncertainty in modelling 416 of the soil moisture retention and hydraulic conductivity relationships. Recommendations are: 417  Evaluate the spatial representativeness of the current soil physics data set and undertake more measurements of 418 hydraulic conductivity and soil water retention on key soils, 419  Use larger cores for measurements of hydraulic conductivity, 420  Take measurements of the moisture retention curve and saturated hydraulic conductivity on the same sample, 421  Provide more accurate measurements of total porosity. 422  Conduct near saturation measurements of (h) and K(θ) to better characterize the macropore domain, which is 423 responsible for preferential flow behaviour, 424
 Make more accurate measurements on slowly permeable soils ( < 1 cm day -1 ), which are important for management 425 purposes but are not well represented in the current databases. 426
Conclusions 427
We report here on further adaptations to the saturated hydraulic conductivity unimodel to suit it to dual-porosity structured 428 soils by computing the soil water flux through a continuous function of a modified version of Romano et al. (2011) θ(h) dual 429 pore-size distribution. The shape of the Romano (h) distribution is identical to the modified (h), but the advantage of the 430 developed bimodal h) is that it is more easily parameterized when no data are available in the macropore domain.
432
The stratification of the data with texture only (loam or clay) slightly improved the predictions of the Ks model, which is 433 based on pore-size distribution. This gives us confidence that the Ks model is accounting for the effect of these physical 434 parameters on Ks. A significant improvement was made by separating topsoils from subsoils. The improvements are higher for 435 the topsoil, which has higher macroporosity caused by roots and tillage compared to subsoils. 
1
Takes into account the increased path length due to crookedness of the path. When 1 = 0 the flow path is perfectly straight down. When 1 increases, the flow path is no longer straight but meanders.
2
Theoretically represents the shape of a microscopic capillary tube. The 2 parameter is used to estimate restrictions in flow rate due to variations in pore diameter and pore shape. When 2 = 0 the shape of the capillary tube is perfectly cylindrical. When 2 increases, the tube becomes less perfectly cylindrical, which causes lower connectivity.
3
High porosity soils tend to have large effective pores, s -r, which tend to be more connected than soils with smaller effective pores, which have more dead-ends. When 3 = 0 the connectivity is the same between high and low porosity soils. When 3 increases the connectivity of the soil increases ( 
mac ≤
To avoid any unnecessary overlap of θbim with θbim_mat.
1 > 1 > 1_mac ≥ 0 Flow in the macropore domain (larger pores) is expected to be straighter than in the matrix domain (smaller pores) due to reduced crookedness of the path.
1 > 2 > 2_mac ≥ 0 It is expected that the shape of the 'microscopic capillary tube' of the macropore domain (larger pores)
is more perfectly cylindrical than in the matrix domain (smaller pores).
1 > 3 > 3_mac ≥ 0
The macropore domain has larger pores, and therefore it is assumed that the pores are better connected than the matrix pores.
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